Abstract
Introduction

23
Water supply systems are subjected to a great many situations over their lifetime. In general, 24 when water managers are faced with an inadequate performance by a water system they first 25 seek ways to improve management strategies of the current infrastructure (Hsu et al. 2008) . 26 However, an increase in water demand, a decrease in the water supply or the imposition of 27
Manuscript new regulation might evince the physical limitations of the current infrastructure. Structural 28 level interventions to expand the capacity of water supply systems include either the 29 expansion of available infrastructure (e.g., new water source) or the rehabilitation of what is 30 in place (e.g., replacement of pipes to reduce losses). Capacity expansion decisions should be 31 taken from a long term perspective and consider how the systems will operate in an uncertain 32 environment. 33
The seminal works of Beale (1955) and Dantzig (1955) introduced a proactive systemic 34 approach based on the use of scenarios that explicitly took some knowledge about uncertainty 35 during the operating period into account in planning models, aimed to find solutions less 36 sensitive to the model data. Scenarios are discrete points of the uncertain parameter space set 37 with a given probability. Many studies have been done in this field since those two seminal 38 works. More recently, Mulvey et al. (1995) gave a new impetus to the scenario planning 39 models by formulating an approach called robust optimization, which aimed to capture some 40 of the risk-averse behavior of the decision makers. Specific metrics were introduced by 41 Mulvey et al. (1995) to capture the notion of risk in scenario planning models. In addition, 42 Mulvey et al. (1995) use weighted terms to evaluate the trade-offs between conflicting goals. 43
Later, Ben-Tal and Nemirovski (1999) proposed a robust optimization approach that avoids 44 the need to specify discrete scenarios with a given probability which was and used later by 45 Housh et al. (2011) . More recently, Monte Carlo simulation methods have been used to 46 explore a variety of uncertainties in multiobjective problems and to find robust solutions 47 (e.g., Kasprzyk et al. 2009 Kasprzyk et al. , 2015 Steinschneider et al. 2015) . The systemic approach 48 proposed here is inspired by the scenario-based robust optimization field that began with 49 Mulvey et al. (1995) . 50
The remainder of this paper is organized as follows. The next section describes the systemic 76 approach developed. That section is followed by one that sets out an application to a real 77 based problem. The paper ends with a summary of its main conclusions. Additional details 78 about the work presented here can be found in Vieira (2014) . 79
Systemic approach
80
General description 81
The systemic approach presented here for the determination of capacity expansion solutions 82 for multisource water supply systems results from the formulation of and connection between 83 two decision models (designated as the operating model and the strategic model) in a 84 coherent framework for addressing structural and operating decisions, uncertainty, risk and 85 conflicting goals. 86
One expansion solution is defined by making one or more investments in water supply new 87 or rehabilitated infrastructure at a specific time. Such structural decisions must be taken from 88 a long-term perspective and considering the way the operation (e.g., abstractions from the 89 water sources, pumping volumes, water allocation to users) will be performed over the 90 project lifetime. During its operation, the system's performance will be influenced by a 91 variety of situations that might occur, depending on the behavior of a number of uncertain 92 factors. As has long been recognized, failure to incorporate uncertainty in the planning 93 process may result in solutions that do not meet needs in the immediate future, solutions that 94 will become obsolete in the short/medium term or solutions that turn out to be oversized. The 95 solutions sought are expected to perform well under a set of possible future situations (called 96 scenarios). 97
In the subsections that follow describing the operating model, the strategic model and the 98 solution method that ensures also the interconnection between the two decision models, Y is 99 the vector describing the capacity expansion solutions, X s is the vector describing the 100 operating decision variables and S is the set of scenarios (s ∈ S). Vector Y is composed of 101 binary elements (i.e., Y ∈ {0, 1}) and is 1 if it represents the development of one investment 102 option (e.g., setting a new water source or rehabilitating a set of pipes to reduce losses), and 0 103 otherwise. The investment options to be made in the capacity expansion of a water system at 104 a specific time are represented by the elements of Y whose value is 1 (y = 1). Each vector X s 105 is composed of non-negative elements (i.e., X s ≥ 0) representing the operating decisions (e.g., 106
volume of withdrawals from each water source, the operation of the treatment and pumping 107 facilities and the allocation of water from each source to demand centers) in scenario s. The 108 operating decisions are discretized in monthly periods t over an operational planning time 109
horizon T (t ∈ T). 110
Operating model 111
The operating model (OM) is used to obtain optimal operating decisions for each scenario. or originate. Water quality is explicitly represented in the description of the water transport 120 using the multicommodity network flow approach (Yang et al. 2000) . Under this approach 121 water from a different source, or simply of a different quality, is regarded as a separate 122 commodity k ∈ K sharing a common distribution system. The network flows are represented 123 by the variable x pq,t,s k which represents a non-negative flow of a water type identified by the 124 index k in the network arc (p,q) from node p to node q in period t in scenario s. Fig. 1  125 represents a simple system with two water sources (source nodes: 1 and 2), one junction point 126 (transshipment node: p), two demand areas (demand nodes: 3 and 4) and two 127 multicommodity flows. Water leaving nodes 1 and 2 is identified by index k = 1 and k = 2, 128 respectively. 129
Major constraints 130
The major constraints of the operating model include the simulation of the water storage in 131 surface reservoirs; the groundwater flow at aquifers, and the water transport in the 132 distribution network with explicit representation of water quality, as explained next. On the 133 other hand, simple inequality constraints imposing minimum and maximum flows x pq,t,s k ( Fig.  134 1) can be included to model the abstraction from other types of water source (e.g., water 135 transfer systems or desalination plants). 136
1. Water storage in surface reservoirs -Water balances in the source nodes representing 137 surface reservoirs are used to model changes in the water storage: 138
where N S R = set of surface reservoir nodes (N S R ⊂ N S ) and S p,t,s = storage at reservoir p in the 139 end of period t in scenario s. The other terms represent the sum of inflows (INF p,t,s -e.g., 140
natural inflows, water transfers from other reservoirs), the sum of water losses (LOS p,t,s -e.g., 141
evaporation, infiltration) and the sum of withdrawals and discharges (OUTF p,t,s and one specific water flow in the multicommodity network: 151
where k p = multicommodity water flow leaving node p (k p ∈ K). 152 2. Groundwater flow at aquifers -Distributed parameter simulation models are 153 incorporated in the model constraints by means of the matrix response approach proposed by 154 Maddock (1972) and since used by many others in decision models (see review by Harou and 155 Lund 2008). The piezometric levels are calculated at selected locations with simple 156 expressions that are able to reproduce the effect of multiple abstractions: 157
where I = set of locations for piezometric level control, W p = set of wells in aquifer p, 158 (Yang et al. 2000) , and the water quality is specified in terms of 181 volumetric blending ratios. Inequality constraints are also included to limit the flows in each 182 arc for describing properly the water distribution infrastructure. 183
The water allocated to each demand node p in period t and scenario s (C p,t,s ) is equal to the 184 sum of all k ∈ K inflows [Eq. 
Objective function 186
The main objectives of the water utilities during the operation are represented in the objective 187 function to be minimized that includes the variable operating costs and a set of 188 penalty functions: 189
The variable operating costs (VOC) includes all costs that depend on the quantity of water 190 supplied. The penalty functions minimize deviations from the objectives to satisfy the 191 demand (Def) and to deliver water of the appropriate quality (TMix). The last term is not an 192 operating objective but it is included to prevent unnecessary excess discharges from 193 reservoirs (DE). The three penalty functions included in Eq. (9) can be written as follows: 194
The first term of Eqs. 
Condensed formulation 210
The condensed formulation of the operating model can be written as follows: 211 Reliability is computed from the optimal operation in each scenario s ∈ S for each expansion 248 solution tested during the solution process as follows: 249 Rel is also named as the volumetric reliability and returns the average ratio between the 251 water supplied and the water demand. 252
The vulnerability refers to the magnitude of the deficits from the operation of the water 253 systems. Kundzewicz and Kindler (1995) and Kjeldsen and Rosbjerg (2004) agree that 254 vulnerability metrics based on average deficits are not appropriate after non-monotonic 255 behavior was observed when demand increased. The results from both studies suggest that 256 maximum deficit values appear to be better for obtaining vulnerability metrics with monotonic 257 behavior. Here, the vulnerability in each scenario s is defined by the maximum ratio between 258 total deficit and total demand in all time periods: 259 The value of the PI s is a non-negative number, being 1 or smaller than one. 277
Normalized solution cost 278
Water system implementation costs (or total cost) can be categorized as construction costs 279 and operating costs (including maintenance). Here, the operating costs are divided into fixed 280 costs and variable costs according to the quantity of water supplied. Personnel, cleaning, 281 monitoring, security, taxes and licenses are usually fixed costs. Chemicals, electricity and 282 replacement of equipment are usually variable costs. 283
Each expansion solution is evaluated reporting the total cost to the "present" at a certain 284 discount rate. The construction costs and the fixed operating costs depend on the 285 infrastructure alone, thus making them independent from the system's operation. If the 286
construction costs for the capacity expansion of the water supply systems are concentrated in 287 the initial stage of the project lifetime, the present total cost (PC) of any expansion solution 288 can be written as follows: 289
where NYL = project lifetime in years, CC = construction costs, FOC yr = fixed operating 290 costs in year yr, AVOC ̅̅̅̅̅̅̅̅ s = average annual variable operating costs in scenario s and 291 a = discount rate. 292
The AVOC ̅̅̅̅̅̅̅̅ s are related to the variable operating costs VOC s included in Eq. (9) as follows: 293
The AVOC ̅̅̅̅̅̅̅̅ s are annual, given that VOC s are spread over NT months (t=1, … ,NT). 294
In the objective function of the strategic model (see next subsection), the present total cost of 295 each expansion solution is divided by the value of the present total cost of one specific 296 capacity expansion solution called Sup: 297 smaller. The value of the normalized solution cost EI will also be no more than one if the 299 solution Sup has the highest present total cost of all the capacity expansion solutions. PC Sup is 300 calculated before the solution of the expansion problem in one single iteration of the solution 301 process described next. 302
Objective function 303
The expansion solutions are evaluated by an objective function that should be maximized. Its 304 formulation was inspired by the work of Mulvey et al. (1995) in the field of robust 305 optimization. The formulation of the objective function is as follows: 306
where p s is the probability of scenario s and, and are weights to be selected. The best 307 solutions correspond to those that for each pair of values and maximize the value of SM . 308
The first term is the expected system performance (given by the performance index) in all 309 scenarios. The second term is the variance of the system performance, weighted by the 310 parameter . These first two terms of Eq. (23) define the system robustness (that corresponds 311 to the solution robustness in the original mean-variance formulation of Mulvey et al. 1995) . 312 Naturally, the decision makers aim to maximize the expected outcome and minimize the 313 variance of that outcome. A high variance means that the outcome is greatly in doubt. Large 314 values of reduce the chance of solutions being selected that show low system performance 315 in some scenarios. Given the outcome variance as a measure for risk, we are seeking to 316 maximize the expected system performance for a given level of risk after setting . The third 317 term penalizes the solution costs, weighted by the parameter . Lower cost solutions are 318 expected for larger values of . The possibility of obtaining trade-offs between system 319 robustness and solution costs by modifying and approximates the systemic approach 320 developed from a multiobjective approach. 321
Condensed formulation 322
The condensed formulation of the strategic model can be written as follows: 323 We set out to show the ability and usefulness of the modeling framework by applying it to the 360 planning of a capacity expansion of the WMWSS given the estimated demand for the year 361 2025. The most relevant input data for this application are the list of the investment options 362 for the capacity expansion of the WMWSS, the multicommodity network and the planning 363 objectives in system operation, the cost factors and the hydrologic scenarios. The 364 implementation of the SA-NLP method is briefly described before the discussed of results. 365
Input data 366
Investment options 367
Hidroprojecto and Ambio (2005) Table 1 . 380
The maximum flows indicated in Table 1 depend solely on the pumping and treatment 381 systems installed/to be installed, whereas the maximum firm quantities also depend on the 382 limits set by the authorities. For example, the total pumping capacity of the Vale da Vila 383 wells group as a current source is 984 L/s, but AdA can in any case extract more than 384 13 million m 3 /yr, as defined by the authorities. The maximum flow and the maximum firm 385 quantity indicated in Table 1 for this wells group under the investment option H4.O1 (837 L/s 386 and 11.05 million m 3 /yr, respectively) result from combining the total pumping capacity, the 387 annual limit imposed by the authorities and the water recovery rate set for the nanofiltration 388 system (85%). In the investment option H4.O2, the maximum flow is determined by the 389 capacity of the nanofiltration system to be installed (350 L/s). This figure corresponds to the 390 11.05 million m 3 distributed uniformly over one year. 391
Multicommodity network and system operation 392
The network flow is shown in Fig. 3 reproduces the water balances that could be applied to the artificial node TT13 (i.e., one of 416 the two artificial nodes that could receive groundwater from a wells group included in the 417 current sources of the WMWSS). Only one of the two water balances described next is 418 considered in the constraints of the operating model after the expansion solution with Y f has 419 been fixed for the current iteration: 420 85%. An additional constraint ensures that soft water is never withdrawn from the Vale da 430 Vila wells group: 431
In the operation of the WMWSS and without constraints of water availability at the sources, 432 the demand should be fully met, water with the appropriate blend supplied, and the operating 433 costs minimized. With reduced water availability at the sources, initial deficits should be 434 prevented by relaxing the water blending standards (i.e., <25% of hard water). Deficits 435 should be avoided unless no more water could be obtained from the WMWSS sources. 436 Table 1 includes the cost factors of each water source. Pumping costs in the distribution 438 network were also included when necessary. All the variable operating costs were calculated 439 as a function of a unit operating cost factor associated with the total flow in each arc of the 440 multicommodity network. 441
Cost factors 437
The total cost in Eq. (20) was determined assuming a 25-year project lifetime and a discount 442 rate of 3%. In Eq. (22), the total cost is normalized by the value of the total cost of one 443 specific capacity expansion solution designated as Sup. Here, the Sup solution was set as the 444 one with the highest fixed costs (construction + operating) in Table 1 Temez hydrological model (Temez 1977) , and into aquifer recharges using average recharge 454 rates that depend on the hydrogeological formations. 455
The scenarios were sampled from a multivariate time series using the semi-random method 456 applied by Watkins and McKinney (1999) to a scenario planning model. Watkins and 457 McKinney (1999) sampled ten scenarios from a long multivariate time series. Two scenarios 458
were chosen specifically and the other eight were selected randomly using the moving-blocks 459 bootstrap method (Vogel and Shallcross 1996) reproduces a situation in which the importance given to that scenario is higher than that 470 related directly to how often it occurs. 471
Implementation of the SA-NLP method 472
The SA-NLP method was implemented by connecting the simulated annealing algorithm 473 proposed by Cunha (1999) and programmed in C++ to GAMS/MINOS. Two Application 474
Programming Interfaces (APIs) were used to solve the operating model in GAMS/MINOS 475 from an executable file and in parallel programming for the 10 scenarios selected (Barney 476 2012; GAMS Development Corporation 2012). The capacity expansion solutions were found 477 in fewer than 15 000 iterations using a personal computer with an Intel Core i7 processor 478 running at 3.07 GHz and 12 GB RAM memory in tens of hours. 479 
Results and discussion
Annual management 488
The expansion solutions presented in Table 2 ]. Furthermore, all the 496 metrics computed lie in the region defined by the values for two specific solutions -the  497 solution (the "do nothing" solution that keeps the current sources) and the Sup solution (see 498 cost factors subsection). These results support the hypothesis that solution  and solution Sup 499 should be those of minimum and maximum robustness, respectively. 500
The results are analyzed in greater detail after Fig. 5 is explained. This figure shows the 501 variation of (besides PI s ̅̅̅̅ already in Fig. 4) As can be inferred from the nanofiltration systems all the water distributed from either a surface water or groundwater 514 source would be soft. Thus, the VBld s has to be zero since the volumetric blend of hard water 515 is also always zero. In this case study, the VBld s was different from zero with volumetric 516 blending ratios of hard waters above 25%. 517
But the installation of the nanofiltration systems in each wells group decreases the maximum 518 flow and the firm quantity (Table 1) . The permeate flow rate corresponds to 85% of the feed 519 water and influences the quantity of water that can be supplied. Reliability Rel s represents the 520 ratio between the total water supplied and the total water demand in each scenario s [Eq. 521 Table 4 shows the minimum, average and maximum contribution of each water source for 596 this expansion solution. There is a significant difference between the minimum and 597 maximum contribution of the Odelouca reservoir, and the use of the water transfer from the 598 Santa Clara reservoir system is limited. The water transfer is reduced since it is possible to 599 avoid deficits and guarantee the water quality, for lower operating costs, mainly using the 600 Odelouca reservoir. However, it does not seem to be sustainable to achieve a substantial 601 To sum up, the results presented here indicate that achieving more significant improvements 611 in the performance of the WMWSS involves investment in supply-side options, as well as the 612 adoption of an interannual management perspective,. Demand-side options (e.g., loss 613 reduction investment and/or wastewater reuse for non-potable urban uses) were not 614 considered in this case study. Nevertheless, it is quite unlikely that expansion solutions 615 including only demand-side options would be robust solutions. 616
But even if other investment options and sources of uncertainty (e.g., demand or cost factors) 617
are not considered, it will be always complex arriving at a final decision on how to expand 618 the capacity of the WMWSS. As stated by Watkins and McKinney (1999) , if the decision 619 maker plans for higher risk aversion to extreme events such as droughts, and if they do not 620 occur it can be argued that huge sums of money have been misspent. Instead, if planning is 621 done for the more frequent conditions the investment may not be enough to limit the negative 622 impacts of droughts to an acceptable level. The expansion solutions identified here can be 623 examined in more detail in subsequent studies before a final decision is made. A post-624 analysis could also estimate the level of confidence in the capacity expansion solutions 625 generated here. Mak et al. (1999) show that minimizing the value of a stochastic scenario-626 based optimization model using NS randomly sampled scenarios is expected to be a lower 627 bound on the true (unknown) solution value, and this bound monotonically increases as NS 628 increased. They suggest a two-step Monte Carlo approach to estimate the level of confidence 629 in the derived solutions, using a larger set of scenarios. Another development would be to 630 adapt the approach of Kasprzyk et al. (2009) to test the capacity solutions generated in 631 extremely unlikely scenarios, under increasing hydrologic uncertainty from the hypothesis of 632 non-stationary conditions. 633
Finally, a multistage infrastructure planning problem could be developed from the systemic 634 approach presented here. However, the case study selected for demonstration purposes 635 addresses a single stage infrastructure planning problem very nicely. The capacity expansion 636 of the WMWSS is motivated by a potential deficit from the supply side and the natural 637 variability in precipitation that raises difficulties in meeting the projected demand within a 638 water utility's planning horizon. A multistage infrastructure planning problem would be more 639 suitable for dealing with longer time horizons, increased demand or time-varying system 640 uncertainties stemming from global climate change projections. 641
Conclusions
642
The systemic approach presented in this paper was developed to support capacity expansion 643 solutions for multisource water supply systems under uncertainty, with explicit representation 644 of water quality. It included the formulation of and connection between two decision models 645
(called the operating model and the strategic model) in a coherent framework for addressing 646 structural and operating decisions, uncertainty, risk and conflicting goals. The uncertain 647 parameter space is discretized into a finite number of realizations that represent future states 648 called scenarios. The operating model is used to obtain optimal operating decisions for each 649 scenario after fixing one capacity expansion solution. Water quality is explicitly represented 650 as it can be a crucial element when waters from different sources are used, in particular when 651 the water is used for drinking. The capacity expansion solutions are evaluated in the strategic 652 model and the operation is deemed optimized for all scenarios through two specific metrics 653 that address the system's performance and solution costs. Two weighted terms are included in 654 the objective function so that trade-offs between the expected system performance in all 655 scenarios, the variance of that same system performance as a measure for risk and the costs 656 can be evaluated. 657
To demonstrate its utility, the proposed approach was applied to a real-world case study in 658
Portugal, considering future projected demand. The problem is perhaps so complex that only 659 by means of such an approach could a final decision be taken by the decision makers. 660
However, it has served to demonstrate the ability of the approach to generate a restricted set 661 of capacity expansion solutions that can be examined in more detail in subsequent studies. 662 
List of Figures 798
List of Tables 817
